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Abstract
Previous studies concerned with the relation of proximity to the September 11, 2001 terrorist attacks
and subsequent psychopathology have produced conflicting results. The goals of this analysis are to
assess the appropriateness of using Bayesian hierarchical spatial techniques to answer the question
of the role of proximity to a mass trauma as a risk factor for psychopathology. Using a set of
individual-level Medicaid data for New York State, and controlling for age, gender, median
household income and employment-related exposures, we applied Bayesian hierarchical modeling
methods for spatially-aggregated data. We, we found that distance from the World Trade Center site
in the post-attack time period was associated with increased risk of anxiety-related diagnoses. In the
months following the attack, each two mile increment in distance closer to the World Trade Center
site was associated with a seven percent increase in anxiety-related diagnoses in the population. No
similar association was found during a similar time period in the year prior to the attacks. We conclude
that spatial variables help more fully describe post-terrorism psychiatric risk and may help explain
discrepancies in the existing literature about these attacks. These methods hold promise for the
characterization of disease risk where spatial patterning of ecologic-level exposures and outcomes
merits consideration.
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1. INTRODUCTION
During the past decade there has been an increasing appreciation of the role of place in
determining health (Sampson et al., 1997; Schwartz, 1994). Although the vast majority of
research in this area has been concerned with physical health (Pickett and Pearl, 2001), there
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is growing appreciation of the importance of considering the relation between place and mental
illness. Recent papers have shown, for example, (Galea et al., 2007; Weich et al., 2002) that
persons living in areas characterized by less desirable built environments or by lower incomes
are more likely to report depressive symptoms, independent of individual characteristics. As
exemplified by these studies, most epidemiologic studies that have considered the role of
determinants beyond individual risk and behavior have considered data that characterizes an
individual’s environment—typically data that are aggregated to administrative and political
units such as ZIP codes and counties.
However, analyses that consider the role of aggregate group-level variables face challenges
(Diez Roux, 2002; Galea and Ahern, 2006; O’Campo, 2003). Considering the role of aggregate
variables frequently relies on heterogeneous and arbitrary groupings that may be too large and
undifferentiated to capture risk appropriately, (Galea et al., 2005) Analyses that rely on variable
specification based on irregular geographic units, such as ZIP codes, (Thomas et al., 2006)
may be affected by extreme values based on few cases in small populations. (Devine et al.,
1994) These rare events contribute to more heterogeneity than is assumed by commonly used
epidemiological models. There may also be unacceptably high rates of address misspecification
within the ZIP-code polygons. (Grubesic and Matisziw, 2006) Additionally, influential
covariates of an outcome, which may be unmeasured, are likely to be similar in adjacent areas
resulting in spatial autocorrelation and inflated risk estimates.
Bayesian methods may be uniquely suited to addressing these difficulties. They are well-suited
to hierarchical approaches and allow the incorporation of results from neighboring spatial tracts
to informatively smooth estimates. (Banerjee et al., 2004; Lawson et al., 2003) Bayesian models
can accommodate unobserved or missing variables, and the use of information from prior
studies (or lack thereof) is explicit and straightforward in a Bayesian approach. (Dunson,
2001)
In a Bayesian approach, our two main sources of information about parameters of interest (θ)
are our prior beliefs or the prior distribution of the parameter (Pr[θ]) and the likelihood of
observing the data given the parameter (Pr[y|θ]). Our prior distribution indicates how we
believe the parameter would behave if we had no data upon which to base our judgments. The
likelihood informs about θ via the data itself. When we have a lot of data, the likelihood
predominates, and our results will essentially be the maximum likelihood estimate. When we
have less data, the prior has greater influence.(Greenland, 2006; Lawson et al., 2003) The result
of combining the prior distribution and the likelihood is called the posterior distribution and
follows Bayes’ Theorem:
In a hierarchical (or mixed) Bayesian model we specify not only a distribution for how we
believe risk (θ) is distributed across a group of individuals, but also how we believe θ varies
across higher levels of organization, such as geographic units, by specifying an additional set
of parameters (λ). One could, for example, say that yi is the empirical (observed) rate of some
event in a geographic area i, θ is the true underlying rate, and λ how that true rate varies across
all such areas in which we are interested.(Banerjee et al., 2004) Such specifications can help
account for irregular groupings, autocorrelation and the effects of extreme values.
While spatial analysis is common in the environmental and infectious disease literature
(Mirabelli et al., 2006; Sarkar et al., 2002) and proximity to environmental hazards has long
been known to determine a number of health outcomes (Ala et al., 2006; Bithell, 1995; Diggle
and Rowlinson, 1994; Emch, 1999; Michelozzi et al., 2002; Viel et al., 2000; Waller et al.,
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1992) it is employed less often in other areas of epidemiology such as in mental and behavioral
health. It is the purpose of this manuscript to demonstrate the applicability of Bayesian
hierarchical spatial modeling to a question of interest to psychiatric epidemiology. Specifically,
we focus here on the relation between spatial proximity to traumatic event exposure and
subsequent psychopathology.
A substantial and growing body of evidence has demonstrated psychopathology after the
terrorist attacks of September 11, 2001 (Chen et al., 2003; DiMaggio et al., 2006; Galea et al.,
2002a; Galea et al., 2002b), but research on the role of residential proximity to the site of the
attack on subsequent mental health pathology is divided. Population-based reports have
suggested post-traumatic stress disorder (PTSD) prevalence of 7.5% in Manhattan residents in
the first month following the attack(Galea et al., 2002a) and estimates as high as 20% to 50%
for residents of neighborhoods in the immediate vicinity of the World Trade Center site (Galea
et al., 2002b) (Chen et al., 2003). However, these findings conflict with reports that individuals
with existing diagnoses of post-traumatic stress disorder did not exhibit significantly worse
symptoms than in previous years (Rosenheck and Fontana, 2003b) In addition, evidence of
increased health service utilization, (Boscarino et al., 2004; Fagan et al., 2003) and increased
psychotropic drug use (Kettl and Bixler, 2002) (DiMaggio et al., 2006) after this event are
contradicted by data that show there was no significant increase in the utilization of mental
health services for the treatment of PTSD among military veteran’s in the New York City area,
(Rosenheck and Fontana, 2003a) and that any increase in anti-depressant use at the population
level was small and not statistically significant.(McCarter and Goldman, 2002)
In this study we specify a hierarchical Bayesian model to examine the role of proximity to a
terrorist event in determining mental health outcomes in a population of Medicaid enrollees
by utilizing data on anxiety-related diagnoses in New York City following the terrorist attacks
of September 11, 2001.
2. METHODS
We used data from Medicaid analytic extract files for New York State residents for 2000 and
2001.(CMS, 2006) These are a complete set of individual-level data files on all New York
State residents who received Medicaid-funded inpatient, outpatient, and long-term care service.
We restricted our analyses to outpatient services which included private practices, clinics and
emergency department visits. We collected information on patient identifiers, demographics,
ZIP code of residence, eligibility status by month, and primary international classification of
diseases (ICD-9) diagnostic codes.(2004)
We compared the time periods of September 12th, 2001 to December 31st, 2001(the attack
period) and September 12th 2000 to December 31st, 2000 (the control period), and restricted
our analysis to Medicaid enrollees older than 8 years of age with ZIP codes of residence within
New York City. Distance from the WTC site ranged from 2.2 miles to 20.5 miles. We based
the designation of anxiety disorders on a set of diagnoses first proposed by the US Surgeon
General’s office.(Satcher, 2000) They consisted of the following ICD-9 codes: 300.20 (phobia)
300.21 (agoraphobia with panic) 300.22 (agoraphobia without panic) 300.23 ( social phobia)
300.29 (isolated phobias) 300.3 (obsessive-compulsive disorder) 300.00 (anxiety state) 300.01
(panic disorder) 300.02 (generalized anxiety disorder) 300.09 (anxiety state) 309.81 (prolonged
post-traumatic stress) 309.24 (adjustment reaction-anxious mood).
To examine the effect of residential distance from the World Trade Center (WTC) site on
outpatient anxiety-related diagnoses in New York City neighborhoods in the months following
the terrorist attacks of September 11, 2001, we controlled for age, gender, terrorist-related
deaths in communities, and median household income and drew inferences based on the
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statistical significance of model coefficients for the distance in miles of New York City ZIP-
code tabulation areas from the WTC site, attack-related deaths per 10,000 population, 2000
census reports of median household income for age and gender controlled standardized
morbidity ratios.
Because the only geographic identifier in the Medicaid data set was ZIP code of residence,
point pattern analyses were not possible. Our outcome variables were age and gender
standardized morbidity ratios (SMR) for anxiety-related ICD-9 diagnoses for each ZIP code
tabulation area. We based expected rates on the internal standard of New York City as a whole
for the relevant 3-month period and using a variable based on person-years of Medicaid
eligibility to calculate the rates. Our exposure variable was the distance in miles from the World
Trade Center site using the latitude and longitude of the ZIP code centroids in radians and the
Great Circle Distance Formula.(SAS, 2006) We used the number of September 11, 2001
terrorist attack deaths per 10,000 population in a ZIP code as a proxy control for employment
exposure to the WTC site during the terrorist attack. Age and gender were included in the SMR,
and we controlled for socio-economic status with median household income. To improve
convergence to the posterior distribution, the distance and median household income variables
were standardized and we used the natural log of the death rate.
Hierarchical Bayesian spatial models describe observed cases in a geographic unit as Poisson
distributed with a mean equal to the expected number of cases (Ei) times the risk (ρi) for that
area: (Richardson et al., 2006)
In describing the likelihood, the risk for each area (ρ) is transformed to a log scale (making
relationships additive rather than multiplicative) and is set equal to an intercept term (a) and
two random effects, one non-spatial (θ) the other spatial (λ):
The spatially structured component is described as a conditional autoregressive (CAR)
Gaussian process (λ ~ CAR Normal (W, τλ )) where the conditional distribution of each λi,
given all the other λi’s, is normal with μ = the average λ of its neighbors and a precision (τλ )
proportional to the number of neighbors. W represents the matrix of neighbors that defines the
neighborhood structure. The simplest and most commonly used definition of a set of
neighboring structures is the existence of a common border between areas. (Congdon, 1997;
Congdon, 2001; Curtis et al., 2006; da Silva et al., 2004; Waller et al., 1997) The non-spatial
component of the model (θi) is defined at normally distributed with μ = 0 and precision (τθ ).
The model is completed by assigning additional (hyperprior) distributions to the precision
terms τλ and τθ.
The approach most frequently described in the mapping literature is the Poisson-gamma model.
In this formulation the risk (θ) is described as a set of parameters that may include any number
of explanatory variables. (Lawson et al., 2003) The prior distribution of the observed outcome
y is described as y|θ ~ Po (θ E) and the hyper-prior distribution of the risk is θ | ά, β ~ Gamma
(ά, β ), with μ = ά/β and σ2 = ά/β2. (Banerjee et al., 2004; Lawson et al., 2003) We could further
specify ά and β, but we assume that beyond a certain point further model specification will
have little practical effect on our results. We commonly choose a non-informative (proper) or
arbitrarily vague prior that is uniform or “flat” to allow the data to predominate and lead us to
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a posterior distribution that is dominated by the likelihood. A Gamma (0.5, 0.0005) has been
suggested as reasonable.(Law J and R, 2004)
For simple models for which there is a closed form (i.e. they behave as true distributions and
integrate to 1) we can estimate the posterior distribution directly via the maximum likelihood
estimate. But most reasonably realistic models require sample-based approaches.
We entered our data into a Poisson-gamma model (explained above) first described by Clayton
and Kaldor(Clayton and Kaldor, 1987) and expanded by Banerjee, Carlin and Gelfand.
(Banerjee et al., 2004) Our full model, then, consisted of the dependent variable as the log of
the observed count of anxiety diagnoses with three explanatory covariates, β1 × a standardized
distance in miles from the World Trade Center site, β2 × natural log of the ZIP code tabulation
area September 11, 2001 death rate per 10,000, and β3 × standardized median household income
for the ZIP code tabulation area. We compared this fitted, spatially smoothed, SMR calculations
to the unfitted SMR calculations.1
We prepared the data and conducted descriptive and demographic analyses in SAS version 9.1.
(2006) We used WinBUGS software(Baca Baldomero et al., 2004) to run 3 parallel Monte
Carlo Markov Chains with over-dispersed initial values for 120,000 iterations. The first 60,000
iterations were discarded as a burn-in, and our inferences were based on the second 60,000
iterations. We assessed convergence by examining trace histories for parallel chains, and we
used R software(205) to conduct the Brooks, Gelman and Rubin and the Geweke convergence
diagnostics as well as the Heidleberger and Welch stationarity test. We present our results as
median values for the coefficients with their associated 95% equal-tailed Bayesian confidence
intervals as well as their kernel density graphs. We present maps of ZIP code tabulation areas
comparing smoothed SMR estimates for 2000 and 2001.





for (i in 1 : N) {
O[i] ~ dpois(mu[i])
log(mu[i]) <− log(E[i]) + beta0 + beta1 * (X[i]−8.8)/4.5 + beta2*Y[i] + beta3*(Z[i]−46382)/
20400 + b[i]
SMRhat[i] <− 100 * mu[i]/E[i]
SMRraw[i] <− 100* O[i]/E[i]
}
#Observed values are Poisson distributed
# X=distance, standardized to improve convergence
# Y= log 9/11 death rate per 10,000 to normalize
#Z=median household income, standardized to improve convergence
# SMR′ = age and gender standardized morbidity ratios
# CAR prior distribution for random effects:
b[1:N] ~ car.normal(adj[], weights[], num[], tau)





beta1 ~ dnorm(0.0, 1.0E-5)
beta2 ~ dnorm(0.0, 1.0E-5)
beta3 ~ dnorm(0.0, 1.0E-5)
tau ~ dgamma(0.5, 0.0005) # prior on precision
sigma <− sqrt(1/tau) # standard deviation
}
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There were 11,298,266 outpatient Medicaid visits between September 12th and December
31st, 2001; 6,302,508 (55.8%) involved females and 4,882,618 (43.2%) males; the average age
was 38 years. Of these visits, 123,698 (1.1%) involved an anxiety-related primary diagnosis;
76,987 (62.2%) involved females, 46,704 (37.8%) involved males and the average age was 41
years.
Between September 12th and December 31st, 2000 there were 9,644,727 (14.6 percent fewer)
outpatient Medicaid visits of which 5,454,118 (56.6 %) involved females and 4,111,834
(42.6%) males with an overall average age of 38 years. Of these visits, 124,126 (1.3%) involved
a primary anxiety-related diagnosis. Among patients with anxiety-related diagnosis in the post-
September 11th, 2000 time period 77,807 (62.7%) involved females, 46,309 (37.3%) involved
males and the average age was 41 years.
We applied the full model to data from both time periods, running three chains with over-
dispersed initial values. Convergence following the 60,000 iteration burn-in period was
acceptable. Brooks, Gellman and Rubin Potential Scale Reduction Factors for the three β
coefficients and the τ precision term were all 1.0. These same monitored nodes passed the
Heidleberger and Welch Stationarity tests for all 3 chains. p values from the Geweke diagnostic
were less than 0.03 for all nodes. Representative convergence tracings are presented in Figure
1.
The distance of an individual’s residence to the World Trade Center site in the post-September
11th, 2001 terrorist attack time period was the only statistically significant indicator of anxiety-
related diagnoses in a community. No other variable in either time period was a significant
predictor of anxiety-related diagnoses (Table 1). The rate of terrorism-related deaths in a
community was not associated with the number of anxiety-related diagnoses (Figure 2).
Holding all other model elements constant by inserting median values, each two mile increment
toward the World Trade Center site resulted in approximately seven percent more anxiety-
related diagnoses. The absolute increases were greater the closer a community was to the WTC
site. A community 28 miles away from the WTC site would have 24 additional anxiety-related
diagnoses than a similar community 30 miles away. A community four miles from the WTC
site could be expected to have 43 more anxiety-related diagnoses if it were two miles from the
site (Figure 3).
When we mapped and compared 2000 and 2001 fitted SMR values for September 12th to
December 31st, it appeared that several ZIP code tabulation areas experienced increased
anxiety-related diagnoses in the post-attack period (Figure 4). Notably, areas of Staten Island
(one of the five boroughs of New York City) which contains large numbers of residences of
first responders such as fire fighters, appeared to experience the most noticeable increases.
4. DISCUSSION
Our work demonstrates that the risk of anxiety disorders in the general population following
exposure to a traumatic incident such as a terrorist attack is predicated in part on proximity to
the event. Knowing that physical proximity of one’s residence to a terrorist attack is
significantly associated with risk of disease provides useful information for policy and public
health response to such incidents.
Beyond the implications for preparedness, our study highlights the importance of considering
neighborhood-level and spatial variables in psychiatric epidemiologic analysis, and the utility
of hierarchical Bayesian approaches in this regard. Although there were intimations of the role
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proximity to this event played in determining the mental health consequences in its aftermath,
with the highest prevalence proportions found among persons living closest to the World Trade
Center site,(Chen et al., 2003) studies that considered the rates of mental health service
utilization at different administrative units of aggregation failed to show an association between
spatial location and use of mental health services after these attacks. (McCarter and Goldman,
2002; Rosenheck and Fontana, 2003a)
Considering space in psychiatric epidemiologic analysis is in many ways a throw back to an
earlier era,(Brody et al., 2000) and is standard in environmental epidemiology, but it may
deserve wider application. Physical location may be a missing component in many
epidemiologic inquiries. We already routinely assess characteristics of persons (risk factors),
and increasingly consider time (follow-up periods; life-course analyses), but far less routinely
do we think about location. As psychiatric epidemiologic inquiry proceeds to better locate
individuals within their full time-space lifetime continuum, and as we increasingly recognize
the complex determination of disease, (Kuh et al., 2003; Susser, 2004; Wang, 2006)
understanding the role of space becomes central in the full understanding of certain health
outcomes.
The methods we present have much to offer, with some limitations. Full Bayes’ methods base
inferences on a sample of the full posterior distribution. The results from such a sample are not
as informative as the closed form itself. We can increase the precision of our estimates by
increasing the sample size. The sample itself is constructed through Markov Chain Monte Carlo
methods and an important consideration is diagnosing convergence to the stationary posterior
distribution. A commonly accepted approach is to run and dynamically monitor a number of
parallel chains and examine the trace plots for when they start to overlap as an indication of
convergence. We then throw out the burn-in period samples and base inference on the stationary
Markov Chain. Statistics, such as the Gellman Rubin statistic, which compares variation within
chains to those between chains for evidence of scale reduction, may be useful in diagnosing
convergence. Other convergence statistics are based on examining individual chains.
Although using these methods to better understand the potential contribution of area of
residence improves on what has been carried out thus far in considering the role of space,
clearly area of residence does not fully capture the spatial risk of exposure. New York is a
commuter city and many individuals who were exposed to the events of that day lived far from
the WTC site. We attempted to control for this kind of exposure by using the terrorist-related
death rate as a proxy measure of a community’s non-residential spatial exposure, as well
perhaps of community-level loss. We found a statistically significant effect for residence
despite controlling for this additional exposure (which itself bordered on statistical
significance) and despite the non-differential nature of this potential bias.
Our analysis is inherently ecologic and caution is required in making individual-level
inferences. Ecological studies typically explain less variation than do individual-level studies.
(Diez Roux, 2001; Macintyre et al., 1993; Mayer and Jencks, 1989) Also, due to the limited
number of relevant explanatory variables in large administrative data sets, mapping studies
such as ours could include unmeasured confounders, such as mental health service availability
or social and family environment. An advantage of a Bayesian approach in this context is that
modeling with random effects allows for unknown confounding. We assumed that the
underlying parameters were not fixed (as in classical frequentist approach) but themselves
varied and could be characterized by their hyper-parameters.
Medicaid is a federal, state, and in New York State, a locally funded health insurance program
with locally determined income, age, and disability requirements. This vulnerable group differs
from the general population in ways that affect their mental health and medical care utilization,
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(Salsberry et al., 2005). Despite this, the reliability of using Medicaid databases for analyzing
mental health diagnoses(Walkup et al., 2000) has been validated
One may fairly ask why we chose to aggregate data rather than conduct individual-level
analyses. The SMRs upon which the outcome of interest was based was calculated using
individual-level data. Our primary interest though, the community-level role of distance from
the event, was inherently ecologic. We also sought to demonstrate how the type of count data
commonly available to applied epidemiologist could be analyzed to account for different levels
of risk.
We would have preferred to conduct the analyses at a smaller, more uniform areal level such
as census tracts but the data were not available. This is a position in which many epidemiologists
may find themselves. Postal codes are administratively convenient but may be analytically
unstable because the size of the population at risk may vary considerably and arbitrarily.
Epidemiologically, they are far from ideal, and the argument can be made that finer
geographical resolution could be accommodated within the confines of subject confidentiality.
(Grubesic and Matisziw, 2006)
Spatial variability in postal codes may be more a reflection of the underlying, arbitrarily
distributed population than of any true underlying disease process.(Richardson, 2003) We
relied on hierarchical modeling to help address some of these issues of instability and over-
dispersion.(Lawson et al., 2003) In this way, we offer a spatial independent variable while
considering the underlying spatial structure of the study area. Future studies could profitably
address the issue of clusters of psychopathological outcomes by using such tools as the nearest
neighbor index (ESRI, 2005), Ripley’s K function (Levine, 2004), or a space-time permutation
scan statistic (Kuldorf, 2005).
In conclusion, we present the example of anxiety-related diagnoses following the terrorist
attacks of September 11, 2001 to illustrate one way in which spatial characteristic can be
considered in psychiatric epidemiologic analyses. This approach may help explain
discrepancies between competing analyses that have not accounted for location when it matters.
The consideration of space and the application of appropriate methods to address its role, such
as Bayesian hierarchical modeling, hold promise for psychiatric epidemiology and may
contribute to the goal of fully characterizing the determinants of health in populations.
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Monte Carlo Markov Chain Convergence Tracings for β0 and β1 (a) 2000 data and (b) 2001
data. Post-September 11, anxiety-related outpatient diagnoses. New York City Medicaid Data.
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Kernal density graphs of coefficients for (a) Distance from WTC(β1) and (b) 9/11 Deaths in
Community(β2) based on results of 60,000 iteration Markov chain Monte Carlo simulations.
Post-September 11,2001 anxiety-related outpatient diagnoses. New York City Medicaid Data.
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Anxiety-Related diagnoses as a function of distance from the World Trade Center (WTC) site.
Point estimates with upper and lower credible intervals for increasing number of miles from
WTC holding other variables (age, gender, death rate in community, and median household
income) constant. New York City outpatient Medicaid data, September 11 – December 31,
2001.
DiMaggio et al. Page 14














Fitted Standardized Morbidity Ratios, Anxiety-Related diagnoses, New York City, September
11 – December 30 (a) 2000 and (b) 2001. New York City outpatient Medicaid Data.
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Table 1
Inference on coefficients for explanatory variables based on results of 60,000 iteration Markov chain Monte
Carlo simulations. Post-September 11, anxiety-related outpatient diagnoses. New York City Medicaid Data.
node median 95% CI
Post-September 11, 2000 (Control Period)
Intercept (β0) −0.1774 (−0.253, −0.1042)
Distance from WTC(β1) 0.03049 (−0.1089, 0.1643)
9/11 Deaths in Community(β2) 0.06984 (−0.02205, 0.1649)
Median Household Income(β3) 7.68E-4 (−0.1069, 0.1083)
Post-September 11, 2001 (Attack Period)
Intercept (β0) −0.1377 (−0.2023, −0.07)
Distance from WTC(β1) −0.1638 (−0.3045, −0.0143)
9/11 Deaths in Community(β2) −0.00738 (−0.1074, 0.08598)
Median Household Income(β3) 0.05771 (−0.05244, 0.1672)
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